Introduction
History and Spectral Rationale Multispectral information from remotely sensed imagery provides a tool for the automatic classification of land-use and land-cover types. As the different spectral bands often contain highly correlated information, analyzing imagery using natural or false color may not distinguish the surface features in an optimal fashion (Horne, 2003) . Crist and Cicone (1984a) state that the information contained in several discrete spectral bands needs to be on the one hand combined and on the other hand associated with the physical characteristics of landscape features. These priorities can be achieved by (a) understanding the relationships between the spectral bands and scene classes, (b) compressing the spectral bands into a lower number of channels, or (c) extracting physical scene characteristics from the spectral features. Many transformation techniques have been developed to overcome this problem and to distinguish stages of vegetation growth. Richardson and Wiegand (1977) , for example, used the infrared and red Landsat channels to extract the Perpendicular Vegetation Index, which is based on finding an orthogonal vector from a "soil line" to a point representing green vigorous vegetation (Jackson, 1983) . Wiegand and Richardson (1982) introduced the Soil Line Index, which is based on the location of vegetation points in a two-dimensional diagram of near infrared versus red reflectance. Kauth and Thomas (1976) demonstrated that on any given date, Landsat MSS data for vegetation and soil would mostly occupy a two-dimensional data plane. The first dimension results from the correlation between the two visible bands, and the second dimension is defined through the correlated two infrared channels (Crist and Cicone, 1984b) . The first dimension of the Tasselled Cap transformation, Brightness, is a weighted sum of all the four Landsat MSS channels and is a measure of overall scene reflectance. The transformation makes use of the "soil line" by selecting image points for dark and bright surfaces that will define the line. Greenness, the second dimension, is derived as the vector from the soil line to a dense vegetation image point calculated by the Gram-Schmidt orthogonalization technique. Greenness contrasts the near-infrared and visible bands, and is a measure of the presence and density of green vegetation (Crist et al., 1986) . The third dimension, Yellowness, is orthogonal to both Brightness and Greenness, and is calculated to point towards senescing yellow vegetation. The fourth dimension is derived as an orthogonal vector to the other parameters and was called "Nonsuch" as no scene characteristics were evident in it. The four dimensional Tasselled Cap analysis was adapted to the Landsat TM sensor by Crist and Cicone (1984a) . They performed a Tasselled Cap-like transformation of simulated Landsat Thematic Mapper data from a variety of soils and crops at a wide range of development stages. Unlike Kauth and Thomas, they used several principal component analyses instead of the Gram-Schmidt technique and found that the six bands data primarily occupy three dimensions: two of them are analogous to the MSS Tasselled Cap features Brightness and Greenness, and the Third component related to soil features including moisture status. This later component was called Wetness as Christ and Cicone (1984a) expanded the transformation to real Landsat TM datasets. Later, field observations and laboratory measurements conducted by Crist and Cicone (1984b) proved the sensitivity of the third component to wet surface conditions. Wetness contrasts the shortwave-infrared and near-infrared reflectance by providing a measure of soil moisture content, vegetation density, and improved delineation between fields that are greening up and those that are senescing. The last three Tasselled Cap dimensions have proven to be less important and will not be discussed further here.
Applications and Problems
The Tasselled Cap transformation has received acceptance in the scientific community. This is partly due to the effectiveness of the first two dimensions to typically capture 95 percent of the total variability in the visible and near infrared spectrum. On the other hand, the features can be directly correlated to physical characteristics of agricultural fields (Crist and Cicone, 1984a ) and other land-cover classes. Cohen and Spies (1992) , for instance, showed that the three Landsat TM Tasselled Cap features capture the majority of variations associated with forest conditions. Furthermore, Cohen and Spies (1992) and Fiorella and Ripple (1993) showed Wetness to be valuable for discrimination within closed forest canopies conditions. Additionally, Wetness proved to be independent of topographic variation. Cohen et al. (1995) could differentiate between the maturity and structure of closed conifer forest stands using Landsat TM Wetness. The Greenness/Wetness projection provides clear separation between forest/natural vegetation and cultivated vegetation scene classes, while the Brightness/Greenness feature space is often used to separate coniferous from deciduous stands (Crist et al., 1986) . As these classes are difficult to determine with original image channels, the use of Tasselled Cap features in image classification has reached widespread use. An advantage of Tasselled Cap features over spectral indices such as the NDVI is that the latter only uses a subset of the original channels, which results in the loss of spectral information. Cohen et al. (1995) reported that as much as 50 percent of the spectral information from the original Landsat TM channels is lost during the computation of an NDVI. Furthermore, noise due to soil background influences the detection of sparse vegetation cover resulting in NDVI values up to 0.3 for non-vegetated areas (Price, 1993) .
Newer attempts are generally focused on the transformation of spectral data into more specific estimates of biophysical variables like the Leaf Area Index (LAI), Fraction of Absorbed Photosynthetically Active Radiation (FAPAR), Green Vegetation Fraction (GVF), and moisture content. For the derivation of biophysical parameters however, long-term (in some cases over 20 years) remote sensing data are needed because long-term changes in vegetation phenology must be taken into account. This calls for the application of Time Series data with very high temporal resolution, which is only available on coarse spatial resolution (1 km) like the NOAA AVHRR satellite imagery. For the estimation of the LAI for instance, multi-temporal NDVI observations are needed because the maximum NDVI value in the season will correspond to the maximum LAI of vegetation cover (Justice, 1986) . The absorption of the photosynthetically active radiation follows seasonal changes of some combinations of plant reflectance (Hipps et al., 1983) , and thus, multi-temporal satellite images for several years are needed for the estimation of its magnitude. Also, the GVF is derived from NDVI using a linear relationship with the assumption of dense vegetation (Gutman and Ignatov, 1997) , and thus, the observation of seasonal variability is indispensable. Local scale phenological studies and habitat mapping exercises using biophysical variables are therefore not possible up to date, which explains the still great interest for the Tasselled Cap transformation of SPOT5 data.
However, some problems may arise when applying Tasselled Cap parameters to multi-temporal satellite images. First, changes in illumination geometry and variations in the composition of the atmosphere influence the magnitude of ground-leaving radiance, meaning that satellite-recorded radiances from a constant surface target will vary (Mather, 2004) . Considering the soil line with its changing slope, the direction of the orthogonal vector to the green image point will also change. Thus, both Greenness and Brightness will be dependent on the reflectance properties of soils, and the soil line will be a mixture of the reflectance of different soils and atmospheric path radiance conditions (Jackson, 1983) . For this reason, applying digital number (DN) based Tasselled Cap parameters is also problematic making it difficult to differentiate bright soil pixels from dark green pixels (Huang et al., 2002) . One solution to these problems is proposed by Huang et al. (2002) , who suggest an at-satellite reflectancebased approach rather than digital number DN-based Tasselled Cap transformation of Landsat ETM images. This solves the problem of changing sun illumination geometry, which would otherwise strongly affect the DNs. Secondly, it is often claimed that once the data have been normalized for haze level and viewing/illumination geometry, the Tasselled Cap features are consistent between different scenes (e.g., Crist and Cicone, 1984a) . However, the extraction of MSS Tasselled Cap parameters was based on a small sample of North American soils and agricultural areas (Fayette County, Illinois). Field spectrometry measurements of crops and laboratory measurements of soil samples were initially used to extract the TM Tasselled Cap parameters, which were calibrated using subsets of Landsat TM data over Arkansas, Tennessee, Iowa, and North Carolina. As mentioned earlier, the slope of the soil line will be dependent on the type of soils sampled, as well as on their wet and dry condition. Depending on the slope of the line, the distance and angle to the dense vegetation image point will also change. Mather (2004) states that the application of the Tasselled Cap transformation parameters to agricultural areas in other parts of the world may not be successful if the defined Brightness axes do not correspond to the reflectance characteristics of soils in the North American calibration area. Crist and Cicione (1984a) state that, aside from atmosphere and illumination geometry, substantial deviation from a mid-latitude temperate environment will also affect Tasselled Cap parameters. It is also questionable as to whether the dense vegetation image point behaves similarly when vegetation is sampled at different growth stages or from different biogeographical locations. This paper attempts to address the above-mentioned problems by extracting SPOT5 Tasselled Cap parameters and testing their stability through space and time. Verdin et al. (1987) extracted Tasselled Cap parameters for the SPOT1 sensor while da Silva (1991) developed parameters for the SPOT2 satellite. These instruments are equipped with the HRVIS (High Resolution Visible Imaging System) sensor utilizing two visible bands and one near infrared band resulting in the Brightness, Greenness, and Yellowness parameters. The SPOT5 satellite is equipped with the HRVIR (High Resolution Visible Infrared) sensor, which includes a fourth band in the short wave infrared spectrum. Because of the different bands, the Tasselled Cap parameters derived for previous SPOT sensors cannot be applied and thus new parameters need to be extracted. The SPOT5 data are used in this study, because it is the first of the high-resolution satellites to truly balance large scene sizes with highly detailed imagery and with coverage of vast territories. Also, SPOT5 data are compatible with regular mapping standards and are indispensable tools for agriculture, urban planning, forest management, disaster management, and water resources. Furthermore, the SPOT5 bands in the visible and short-wave infrared portions of the spectrum are identical to those on the SPOT4 sensor, thus the derived Tasselled Cap parameters will also be applicable there.
Materials and Methods

SPOT5 Images Used and the Extraction of Tasselled Cap Parameters
Five SPOT5 images were acquired for the purposes of this analysis (Table 1 ). The four images of Germany were especially selected to cover a range of land-use features, including artificial surfaces, water, bare soil, agricultural, and forested areas from March, July, September, and November. The images from March and November are located in SchleswigHolstein and mostly cover agricultural areas with some forest patches dominated by deciduous trees. The November image covers a very flat area and has almost no variation in topography. The July image is located in Thuringia and covers mostly agricultural areas with some deciduous forest patches. The SPOT5 image from September partly covers the area of Thuringia forest with mostly coniferous trees and patches of agricultural areas. This area is dominated by strong topography, with elevation differences of approximately 1,000 m. The Cameroon scene mostly covers vegetated areas (lowland tropical and mangrove forest and palm plantation) and part of the Gulf of Guinea of the Atlantic.
The Tasselled Cap parameters derived from the SPOT5 images are named Brightness, Greenness, and Wetness corresponding to the Landsat TM derivates, as the corresponding channels occupy similar regions in the electromagnetic spectrum. Extraction of the Brightness and Greenness features is relatively straightforward, as Crist and Cicone (1984a) proved that the Vegetation and Soil Plane of TM Tasselled Cap are equivalent to the MSS Tasselled Cap Brightness and Greenness features. Extraction of the Wetness rather than the Yellowness component, however, requires some explanation. Stoner and Baumgardner (1980) proved that the third component of the TM Tasselled Cap is sensitive to soil moisture by showing the sensitivity of the middle infrared channel to soil moisture conditions. The third component of TM Tasselled Cap was called Wetness because it contrasts middle infrared reflectance with nearinfrared (NIR) and visible reflectance. As SPOT5 images also contain a middle infrared band, and as the corresponding image channels are comparable to Landsat TM bands, the third Tasselled Cap component of a SPOT5 image should also become Wetness instead of Yellowness.
The digital numbers of the images were transformed to radiance values according to the reference information from Spotimage (Spotimage, 2004) . Radiance values were converted to at-satellite reflectance based on the method presented by Markham and Barker (1986) . The images were segmented using the software program eCognition ® (Baatz and Schäpe, 2000) in order to obtain small and homogeneous clusters of pixels. Representative samples of bare soil, green vegetation, and water objects were selected to guide the Tasselled Cap Brightness, Greenness, and Wetness transformation, respectively. The samples were considered representative as being well distributed along the image and were chosen so that at least 10 percent of the segmented objects were selected. To obtain Brightness, two sets of soil segments considerably differing in reflectance values were selected: bright soils (X sb ) and dark soils (X sd ). First, the mean of the bright and dark soil values were differenced for each of the image bands (n) to acquire the image points b i :
The Brightness coefficients (BRC i ) were acquired by dividing each of the vector components (b 1 , b 2 , . . . , b n ) by the normalization factor B, where:
The Brightness image (BRI) was then extracted by the linear transformation of the SPOT5 image bands (X i ) with the BRC i :
, n ϭ number of image bands, and BRC i ϭ
For the extraction of the Greenness component, dense vegetation segments were selected in the SPOT5 images and their mean values were calculated for each band . The NDVI was computed and was used as reference data for the collection of representative samples. The green vegetation and bright soil image points were then differenced for each SPOT5 band and subsequently the Gram-Schmidt orthogonalization was carried out by:
This procedure ensures that the vector (g 1 , g 2 , . . . , g n ) is orthogonal to the soil line vector (b 1 , b 2 , . . . , b n ), (Jackson, 1983 ). The Greenness coefficients GRC i for each SPOT5 band were then calculated by applying the normalization factor G to each of the components of g i :
The Greenness image (GRI) was then extracted by the linear transformation of the SPOT5 image bands (X i ) with the GRC i :
The Wetness image was extracted following the method described above, where the vector towards the wetness image point was orthogonalized to both Brightness and Greenness. See the paper by Jackson (1983) for a more detailed description of the algorithm. The extracted Brightness, Greenness, and Wetness coefficients were tested against orthogonality by calculating the dot products of the coefficients. For instance, for the Brightness and the Greenness coefficients for the equation needed to be fulfilled.
The Tasselled Cap parameters were extracted from each image individually, and thus five sets of parameters were obtained.
Analysis of the Robustness of Tasselled Cap Parameters
A sixth set of Tasselled Cap parameters was extracted combining image points of the four SPOT5 images of Germany. In order to establish the average soil line, the mean value of bright and dark soil objects was calculated from the four images. The resulting Brightness parameter is equivalent to the average value from soils with different wet and dry conditions. Similarly, the image points of Greenness and Wetness were obtained by averaging the segment values for dense vegetation and water surfaces through the four SPOT5 images, respectively. Using these combined parameters, new Tasselled Cap images were calculated from the four SPOT5 scenes of Germany. The original Brightness, Greenness, and Wetness images were correlated with their counterparts derived from the combined parameters. As in the literature, the Tasselled Cap transformation is often reported useful for classifying different vegetation surfaces, one might assume that Tasselled Cap parameters should only be calculated from imagery acquired during the vegetation period. How representative would these parameters be when applying them to images from other seasons? To answer this question, Tasselled Cap
, n ϭ number of image bands, and
parameters extracted from the SPOT5 image of July were applied to the March, September, and November images of Germany, and the resulting components were correlated with the original components. In order to test the geographical dependency of the Tasselled Cap parameters, the July and the combined parameters were applied to the SPOT5 image from Cameroon. These images were also correlated with the original Tasselled Cap components from Cameroon. All the Tasselled Cap images were segmented to obtain homogeneous clusters of pixels for the correlation analysis. The mean value of the Brightness, Greenness, and Wetness images, respectively, were calculated within each segment. From each Tasselled Cap image 900 random segments were selected by means of a random number generator. The corresponding Brightness, Greenness, and Wetness values of the segmented objects were correlated by means of Spearman-Rho correlation, as neither the variables nor their logarithm were normally distributed and thus a parametric test was not applicable. The SpearmanRho (r) is a product-moment correlation coefficient that is used when the observations are ranked on both variables and is calculated as:
where n ϭ number of paired ranks, and d ϭ difference between the paired ranks.
The above-mentioned random segments were attributed to the water, forest, other vegetation (represented by dense agricultural crops and pastures), and bare soil classes in each Tasselled Cap image of Germany. In the Cameroon image, the 900 random segments were associated with water, palm plantation, mangrove forest, lowland tropical forest, and bare soil features. For the visual interpretation of the land-cover aerial photos were used. Canonical Discriminant Analysis (CDA) was applied in order to test the usefulness of the Tasselled Cap images in differentiating the major landcover classes. The CDA maximizes the among-group variance explained by each canonical variates. A set of canonical discriminant functions (canonical variates) are derived, multiple axes that separate sets of groups. Canonical discriminant functions fit the equation:
where the "a" values are coefficients derived from Eigenanalysis of the matrix of between group variation, x i devotes the image bands, and the Z values are scores (coordinates) along the derived axis. The Brightness, Greenness, and Wetness components entered the CDA models stepwise, based on the Monte Carlo permutation test with 999 permutations. The discriminative power of the models was tested with the percentage of variance in the samples that the first three canonical axes explained together. The significance of the axes was tested again with the Monte Carlo permutation test with 999 permutations. The discrimination power of the individual Tasselled Cap components was measured by the inter-set correlations of the components to the axes. The land-cover classes were plotted in the two-dimensional feature space of the first two discriminant axes in order to visualize the achieved separation among the groups and their association to the Tasselled Cap components.
Results
Properties of the Tasselled Cap Images
All spectral bands had positive loadings on the Brightness component, independent of the season or geographical position (Figure 1 and Appendix, Table 2 ). However, depending on the season and geographic location different November express significantly less contrast. Water features are very dark in the Cameroon image, and also wet mangrove forest exhibits low spectral values. Lowland tropical forests are displayed with much brighter grey tones then forested landscape patches in Germany, while bare soil is very bright due to the dominance of the SWIR band. The loadings of the green, red, NIR, and SWIR bands on the Greenness component follow the same pattern in all images, independent on the seasonal or on the geographical differences (Figure 1 ). There is a strong contrast between the positive NIR and the negative visible and SWIR loadings, due to the high reflectance of green vegetation in this spectral range. The red channel loads higher (negatively) on Greenness than the green or SWIR bands. The Greenness image (Figure 3 ) exhibits high contrast between areas with and without vegetation. Water and bare soil areas are displayed with dark tones, while vegetation appears bright and white. The different grassland types are well distinguished in all seasons, however, coniferous (dark grey) and deciduous forest (bright grey) stands are only well defined in July and September. Wet mangrove and lowland tropical forests are the most clearly distinguishable land-cover features in the Cameroon Greenness image.
The SWIR band exhibits a high contrast to the visible and NIR channels in the Wetness component and has the highest and negative loading in all images. In the German March, September, and November and in the Cameroon scenes, the green channel has the highest positive loading while the loadings of the red and NIR channels are consecutively less. On the other hand, in July the red channel has the highest positive loading. While the loading of the nearinfrared channel is very low in March, July, and September, it is moderate in November and in the Cameroon image. Clearly distinguishable land-cover features in the Wetness image (Figure 4 ) are water/wet surfaces and coniferous/deciduous vegetation types. Water surfaces appear white, wet mangrove forest and wet soils bright grey. Coniferous forest stands are very bright in September and July, and have darker grey tones in March and November. The deciduous forest patches are dark in July and September. Bare soil surfaces are very dark in March, July, and September, and become brighter in November.
Correlation Between the Tasselled Cap Components
Correlation coefficients of the Tasselled Cap images calculated with the original and the combined parameters from the German images are presented in Table 2 . The original Brightness images exhibit a consistently high correlation with the Brightness images calculated through the combined parameters. The samples chosen for the correlation analysis stretch out in one line for March, July, and September, but exhibit some scatter in November (see Figure 1 in the Appendix). The Greenness counterparts for July and September are equal, and are very similar in March. In November however, almost 20 percent difference can be observed between the Greenness counterparts. The samples indicate some inconsistency between the images in March and a high number of outliers in November. The Wetness counterparts are almost equal in March and September, and are very similar in July, although here the samples are not positioned perfectly in one line. The original and the combined Wetness images only correlate 71 percent in November, and the scatter plot indicates a large number of outlier samples. Table 3 presents the correlations between Tasselled Cap images calculated with the original and the July parameters. The correlation of Brightness is constantly high across all seasons, although in November the samples become slightly scattered (Appendix, Figure 1 ). The Greenness counterparts channels gained importance on the components. In Germany, the near-infrared (NIR) channel contributes the most to the Brightness component in the March and November scenes, while the red channel is the most important in the high vegetation period of July and September (see the loadings). On the contrary, the short wave infrared (SWIR) band has the highest loading on Brightness in the Cameroon image. The importance of the green spectral band is the lowest in March and November in Germany and in Cameroon but is one of the highest in September. Regarding the extracted Brightness image, bare soil patches become very bright, grassland is displayed with light grey tones and forested areas appear very dark (Figure 2 ). The July and September images differentiate between different grassland and forest surfaces, while the images from March and of September are perfectly correlated, but the correlation between the Greenness pairs in March is somewhat lower and the scatter plot displays outliers. On the other hand, the corresponding Greenness components from November exhibit a correlation coefficient of only 0.654, and the scatter plot displays a large number of outlier samples. This reflects the seasonal dependency of the Tasselled Cap Greenness parameter, which is to be expected, as Greenness is a strong indicator of vegetation vigor. Equal information content can be observed between the Wetness components from March, and in September the images are very similar although the samples scatter. In November nevertheless, there is only a 76 percent similarity between the Wetness counterparts and the scatter plot displays numerous outlier samples. Table 4 presents correlation coefficients comparing the Tasselled Cap features from the Cameroon images calculated with the original, the combined, and the July parameters. The original Brightness image exhibits the same high correlation with the images calculated with the combined and the July parameters (0.959 and 0.952, respectively). On the other hand, the scatter plots indicate some inconsistencies between the samples in both cases.
The Greenness component exhibits 98 percent correlation with the aggregated parameter, the correlation with the July parameter is somewhat lower (0.94) with many outliers. The Wetness image correlates similarly with the images calculated through the combined and through the July Tasselled Cap parameters (0.93 and 0.95, respectively). The scatter plots of these two correlations exhibit numerous outlier samples. Figure 3 . Tasselled Cap Greenness images of the five SPOT5 scenes; a 6 km by 6 km subset is shown: (a) Greenness GER0303, (b) Greenness GER0704, (c) Greenness GER0903, (d) Greenness GER1104, and (e) Greenness CAM0103. Table 5 presents the goodness of fit measures of the CDA models to separate land-cover types using the original Tasselled Cap components. Figures 5 and 6 display random samples of the land-cover classes plotted against the first two canonical discriminant functions in Germany and in Cameroon, respectively. The best separation of bare soil, forest, grassland, and water classes was achieved in July and March (explained variance of 66.2 percent and 59.3 percent, respectively). The Tasselled Cap components of September explain the least variance in Germany and also the CDA biplot from September displays the most overlapping classes (Figure 5 ). The discriminative power of the Tasselled Cap images is the lowest from Cameroon. Accordingly, there is a great overlap between the lowland tropical forest, mangrove and palm plantation classes in the CDA biplot (Table 5 and Figure 6 ). (Table 1) ; 6 km by 6 km subsets: (a) Wetness GER0303, (b) Wetness GER0704, (c) Wetness GER0903, (d) Wetness GER1104, and (e) Wetness CAM0103. Figure 1 . Scatter plots of 900 random samples selected from the Tasselled Cap images calculated with the original (Y axis) vs. the combined and July parameters (X axis). Abbreviations: b, g, w ϭ Brightness, Greenness, and Wetness calculated with original Tasselled Cap parameters; bc, gc, wc ϭ Brightness, Greenness, and Wetness calculated with the combined Tasselled Cap parameters; bj, gj, wj ϭ Brightness, Greenness, and Wetness calculated with July Tasselled Cap parameters.
The variables entered into each of the CDA models in the following order: 1: Greenness, 2: Brightness, and 3: Wetness. Greenness exhibits the highest inter-set correlation to the first CDA axis in each image, indicating that this component has the highest explanatory power respecting the land-cover classes (Figures 5 and 6 ). In Germany, the component is positively associated with the other vegetation and in Cameroon with the lowland tropical forest, mangrove, and palm plantation classes (see the position of the arrows). In March, July, and November, Brightness has the highest inter-set correlation to the second DCA axis and has a high explanatory power for the bare soil areas. In September, the Wetness component correlates the most with the second DCA axis. Wetness Figure 5 . Scatter plot of bare soil, forest, grassland and water land-cover classes in Germany in a two-dimensional feature space of the first two canonical discriminant functions. 900 segments were selected randomly. The numbers indicate inter set correlation coefficients of the Tasselled Cap components with the first, second, and third canonical discriminant axes, respectively: (a) GER0303, (b) GER0704, (c) GER0903, and (d) GER1104.
reached the highest correlation to the third DCA axis in March, July, and November, while in September its correlation is similar to that of Brightness. Wetness is closely related to the forested areas and to the water land-cover classes. The correlation of the Cameroon Tasselled Cap components with the first DCA axis is similarly high, while only Greenness and Brightness expressed moderate correlations (Ϫ0.35 and 0.21, respectively) with the second axis ( Figure 6 ). The importance of Wetness on the second and third axes can be ignored.
Discussion and Conclusion
Tasselled Cap components, calculated with the original, the July, and the combined parameters revealed differences within the seasons and between geographical locations. Although the Brightness components exhibited correlation coefficients above 97 percent in all cases and enhanced bare soil features in all images, no consistency was found in the loadings of the SPOT5 channels on this component. The highest loading of the NIR channel in March and November (Germany) can be explained by the high reflection of bare Figure 6 . Scatter plot of bare soil, lowland tropical forest, mangrove forest, palm plantation and water classes in Cameroon in a two-dimensional feature space of the first two canonical discriminant functions. 900 segments were selected randomly. The numbers indicate inter set correlation coefficients of the Tasselled Cap parameters with the first, second, and third canonical discriminant axes, respectively.
soil surfaces. The vegetation growing period creates high contrast between vegetated and bare soil surfaces and brings up the red channel in the July and September images. In the Cameroon image, the SWIR band exhibited the highest loading on Brightness where in contrast to the German images vegetated surfaces dominated with high reflectance values. The reflectance of bare soil surfaces is not expected to change through seasons or between geometric locations, but as Brightness is a weighted sum of the SPOT5 image channels, it is plausible that vegetated surfaces influence this component. The similar loading pattern of the SPOT5 bands observed on the Greenness component on the other hand is not necessarily an indicator of similar information content. In November, the correlation coefficients of 0.81 and 0.65 with the components calculated through the combined and July parameters, respectively, signalize considerable information differences of the images. It is plausible that the July Greenness parameter resulted in the lowest correlation coefficient with the November image because here information from vegetation high season was compared with information from senescent vegetation. The combined parameter's higher correlation coefficient with the November Greenness image is the consequence of including information also from the senescent vegetation surface. The highest loading of the NIR channel on the German Greenness component in July and September was due to the well-developed vegetation cover. Following the same logic, it is reasonable that the NIR channel reached the lowest loading in November; nevertheless, the difference when compared to the July and September loadings is significant. The second highest importance of the red channels on the Greenness components is due to bare soil and urban surfaces, seeing that Greenness separates vegetated from non-vegetated areas.
Of the Wetness components, the SWIR channels exhibited the highest and negative loadings in all images due to the absorbed reflection of water and wet surfaces. The relatively high loading of the green channel in the March, September, and November images of Germany and Cameroon can perhaps be explained by the high water content of plant leaves. The high Wetness values of coniferous forests in Figure 1 corresponds to the findings of Cohen et al. (1995) who showed the importance of Landsat TM Wetness in the classification of coniferous forest stands. Wetness was a highly unstable Tasselled Cap component in Germany, which is most probably due to different rainfall events and water content of the vegetation throughout the seasons. In Cameroon, the similar correlations of the Wetness component with the July and combined components are somewhat surprising, as Wetness proved to be a highly unstable Tasselled Cap feature across the seasons.
Canonical Discriminant Analysis also provided an insight into the seasonal sensitivity of the Tasselled Cap parameters. The discrimination of the land-cover classes was most effective in March and July due to the fact that here also the second and third CDA axes exhibited relatively high eigenvalues. The importance of the third axis in September, in November, and in Cameroon was very low; the reason for that is unclear and would need further analyses. The high discriminative power in March and July can be attributed to the different reflection characteristics and water content of vegetated and non-vegetated surfaces. In March, broadleaved trees are still dormant and coniferous trees exhibit high contrast to bare soil, grassland, and agricultural crops, which explains the high importance of the Greenness and Brightness components. In July, the Greenness component is less powerful to separate coniferous, deciduous, and grassland areas due to their similar reflectance characteristics. However, the contrast of vegetated areas to bare soil features and the different water content of these areas give rise in the importance of the Brightness and Wetness components, so that the three CDA axes together explained the highest variance between landcover types.
The highest explanatory power of Greenness in Germany was due to its correlation with the forest and other vegetation classes due to the high percentage of vegetation cover in these areas. The high importance of Wetness in March and November can most probably be explained by recent rainfall events creating generally wetter conditions than in summer, and by the sparse vegetation cover. In Cameroon, the dominance of wet mangrove forest land-cover brought Wetness high importance, and the sparse vegetation cover let the Brightness component equally important on the first axis. The high overlap between the samples from palm plantations, lowland tropical forests, and mangrove forest classes explains the lowest discrimination power of the Tasselled Cap parameters from Cameroon.
As the Brightness component proved to be very stable across the four seasons in Germany, it is reasonable to assume that this parameter can be extracted from one image and applied to another. On the other hand, Brightness was less stable in Cameroon suggesting inconsistencies between different biogeographical zones. The Greenness Tasselled Cap component was proved to carry the most unique and the highest amount of information in terms of discriminating between major land-cover types. However, the appropriateness of the application of the Greenness parameters on images from different seasons proved questionable, despite being an important parameter for the differentiation of land-cover features (Cohen et al., 1995; Crist et al., 1986; Cohen and Spies, 1992; Fiorella and Ripple, 1993) . The same consequence can be drawn for the Wetness images. Therefore, the authors suggest care in applying Tasselled Cap parameters extracted from seasons different than the time of the study. It is highly advantageous to apply parameters derived from the time of the year with similar vegetation conditions and from similar biogeographic zones.
